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Abstract Soil quality indices provide a means of distill-
ing large amounts of data into a single metric that evaluates
the soil’s ability to carry out key ecosystem functions.
Primarily developed in agroecosytems, then forested eco-
systems, an index using the relation between soil organic
matter and other key soil properties in more semi-arid
systems of the Western US impacted by different geologic
mineralization was developed. Three different sites in two
different mineralization types, acid sulfate and Cu/Mo
porphyry in California and Nevada, were studied. Soil
samples were collected from undisturbed soils in both
mineralized and nearby unmineralized terrane as well as
waste rock and tailings. Eight different microbial parame-
ters (carbon substrate utilization, microbial biomass-C,
mineralized-C, mineralized-N and enzyme activities of
acid phosphatase, alkaline phosphatase, arylsulfatase, and
fluorescein diacetate) along with a number of physico-
chemical parameters were measured. Multiple linear
regression models between these parameters and both total
organic carbon and total nitrogen were developed, using
the ratio of predicted to measured values as the soil quality
index. In most instances, pooling unmineralized and min-
eralized soil data within a given study site resulted in lower
model correlations. Enzyme activity was a consistent
explanatory variable in the models across the study sites.
Though similar indicators were significant in models across
different mineralization types, pooling data across sites
inhibited model differentiation of undisturbed and dis-
turbed sites. This procedure could be used to monitor
recovery of disturbed systems in mineralized terrane and
help link scientific and management disciplines.
Keywords Soil quality  Organic carbon  Total nitrogen 
Soil enzymes
Introduction
The myriad definitions of soil quality generally involve soil
function, e.g., the ability of a soil to support vegetative
diversity and biomass, or the ability of a soil to sustain
itself through nutrient cycling (Doran and Parkin 1994;
Karlen et al. 1997). Many studies have attempted to
quantify soil quality, with respect to its functions, in order
to evaluate the impact of natural and anthropogenic
disturbances. In terrestrial ecosystems, indices initially
developed for agroecosystems (Doran and Parkin 1994)
have been increasingly applied to non-agricultural systems
(Bastida et al. 2008). Though not without their limitations
(Sojka and Upchurch 1999), soil quality determinations can
improve our understanding of the controls behind ecosys-
tem processes and allow for the distillation of information
to help link scientific and management disciplines.
Soil quality indices (SQIs) are generally composed of
a mixture of biological and sometimes physicochemical
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parameters that attempt to reduce the complexity of a
system into a metric of a soil’s ability to carry out one or
more functions (Papendick and Parr 1992; Halvorson et al.
1996). Effective SQIs should correlate well with soil or
ecosystem processes, integrate those properties and pro-
cesses, and be responsive to management practices (Doran
and Parkin 1996; Dalal 1998; Nortcliff 2002) or anthro-
pogenic disturbance. Studies utilizing simple ratios, such as
the metabolic quotient, qCO2 (quantity of mineralized
substrate/unit of microbial biomass carbon/unit of time)
and enzyme activity/total C, are generally too simplistic
and often difficult to interpret (Gil-Sotres et al. 2005).
However, these same indicators, when combined with other
measures such as organic matter content, and microbial
activity, form the core of many SQIs (Sikora and Stott
1996). One particular approach to SQIs involves the use of
multiple linear regression (MLR) to predict soil total
organic carbon (TOC) or total nitrogen (TN) based on
significant soil biological and abiotic drivers and has been
used to compare soil quality between disturbed and
undisturbed reference soils (e.g. Trasar-Cepeda et al. 1998;
Zornoza et al. 2007; Chaer et al. 2009). This method can be
used as a means of monitoring changes to a system by
comparing predicted versus measured values of either TOC
or TN. Values greater or lower than the ratio established
for undisturbed or reference sites can indicate the degree of
disequilibrium caused by a disturbance to the system. This
approach also shows the utility of multi-parametric
approaches over single indicators, which can produce
inconsistent results (Trasar-Cepeda et al. 1998; Gil-Sotres
et al. 2005).
Commonly applied SQI biological indicators are asso-
ciated with microbial activity and function (e.g., mineral-
ization, respiration, microbial biomass, enzyme activity;
Winding et al. 2005). Abiotic indicators can provide con-
text to more clearly interpret the biological measures, but
are less commonly included in SQIs. Cost, accessibility,
ease of interpretation, and presence of existing data often
dictate indicator selection. Thus, the parameters chosen for
SQIs can be as varied as the studies themselves, reflecting
the complexity of the soil and ecosystems within which
they function.
In this study, a soil organic matter-based SQI was
applied in undisturbed and mining disturbed areas in semi-
arid ecosystems of the Western US, using sites of varying
climate, vegetation, and trace metal chemistry to examine
relations between TOC and TN and microbial/physico-
chemical properties. Standardizing this procedure across
diverse ecosystems (which is typically lacking; Gil-Sotres
et al. 2005) could allow for more equivalent comparisons
among systems of varying trace metals, climate and veg-
etation, and be used to monitor recovery of disturbed sys-
tems in mineralized terrane.
Materials and methods
Acid sulfate mineralization (Castle Peak and Masonic
Mining District)
The Castle Peak study site was located east of Reno, NV
(39.48N, 119.7W) at an average elevation of 1,350 m,
with a mean annual precipitation (MAP) and a mean annual
temperature (MAT) of 185 mm and 10.4 C, respectively.
The Masonic study site was located northeast of Bridge-
port, CA (38.40N, 119.1W) at an average elevation of
2,125 m, with an MAP and MAT of 210 mm and 5.0 C,
respectively. Both of these sites are located in the Mono
Section of the Temperate Desert Division (Bailey et al.
1994). In both locations, epithermal alteration has resulted
in acid sulfate gold mineralization, characterized by argillic
alteration and abundant alunite. Soils developed within the
mineralized areas are characterized by low pH and fertility
and high Al (Schlesinger et al. 1989). The open woodland
vegetation (Pinus jeffreyi, Pinus ponderosa, Eriogonum
robustum) of the mineralized ? undisturbed sites provided
stark contrast to the adjacent sagebrush shrubland
(Artemesia sp.) of the unmineralized ? undisturbed sites
that have developed on andesite. Waste rock and tailings
were sampled at abandoned Hg and ferricrete mines within
the Castle Peak site and precious-metal mines at the
Masonic site (Blecker et al. 2010).
Cu/Mo porphyry mineralization (Battle Mountain
Mining District)
The Battle Mountain study site was located southwest of
Battle Mountain, NV (40.57N, 117.1W) at an average
elevation of 1,380 m, with an MAP and MAT of 210 mm
and 9.5 C, respectively. The mineralized ? undisturbed
area at this site consisted of stockwork veinlets of quartz,
chalcopyrite, and molybdenite surrounding a felsic por-
phyritic intrusion (Theodore et al. 1992). The surrounding
unmineralized ? undisturbed area was dominated by int-
erbedded arenites, shale and greenstone of the Paleozoic
Harmony Formation (Theodore et al. 1992). As the sage-
brush communities (Artemisia sp.) on both the altered and
unaltered rock did not differ visually, we utilized extensive
mapping of mineralized terrane from Theodore et al.
(1992) to determine appropriate sampling areas. Waste
rock and tailings were sampled in areas of abandoned
precious-metal mines (Blecker et al. 2010).
Study design/field sampling
At each of the three study sites, soil quality was evaluated
for four different sample areas: (1) unmineralized ?
undisturbed by mining, (2) mineralized (geologically
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enriched in metal-bearing elements) ? undisturbed by
mining, (3) waste rock (material removed and transported
during mining operations), and (4) tailings (material
removed and transported during mining operations further
impacted by other physical and chemical activity such as
crushing and leaching). Waste rock and tailings have also
been subjected to other alterations such as change in soil
structure and density, loss of organic matter and nutrients,
and change in pH, which in concert can adversely impact
above- and below-ground biota. Three random locations
within each sample area were situated on a similar aspect
(150–210), elevation, and slope within the same sub-
watershed. At each of these locations, three 30 m transects
(spaced 120 apart) were randomly established. One soil
sample (0–15 cm in depth) was taken at a random position
along each transect for a total of 9 samples (3 samples 9 3
locations) per sample area, at each of the three study sites.
The soil surface was cleared of any litter prior to soil
sampling. Soil samples were stored at 4 C in the field and
passed through a 2-mm sieve upon return to the labora-
tory. A separate soil core sample (0–15 cm in depth) for
measurements of bulk density and soil moisture was
collected using a slide-hammer. Sites were sampled one
time in the spring of 2008 near peak soil moisture/microbial
activity.
Soil microbiological analyses
Soil quality indicator variables included:
• Analyses for C and N mineralization potential provide a
general measure of microbial activity and the ability of
the microbial community to generate plant-available N.
• Enzyme assays for the S-cycle (arylsulfatase activity)
and P-cycle (acid and alkaline phosphatase activity)
focus on specific nutrients, while fluorescein diacetate
(FDA) is a more general indicator of enzyme activity
that is hydrolyzed by a number of different enzymes
(protease, lipase, and esterase; Green et al. 2006).
• C substrate utilization provides a qualitative measure of
bacterial community activity and functional diversity
using Biolog EcoPlates (Biolog Inc., Hayward, CA,
USA) that contain various C sources, including poly-
mers, carbohydrates, carboxylic acids, amino acids and
amines/amides.
• Phospholipid fatty-acid (PLFA) provides an estimate of
microbial community structure and biomass-C. Certain
lipid ‘‘signatures’’ within the cell membranes of living
microbes can be used to identify a portion of the microbial
community: gram ? and gram - bacteria, fungi, actino-
mycetes, and protozoa (Sinsabaugh et al. 1999).
Carbon and N mineralization potential was performed
with a 10-d static incubation on 25 g of soil that was first
brought to 60 % water-filled pore space. Five ml of 1 M
NaOH was used to trap the CO2 generated by the incuba-
tion, which was then determined by titration with 1 M HCl
at the end of the incubation period (Robertson et al. 1999).
Enzyme assays for arylsulfatase and acid and alkaline
phosphatase were carried out on air-dried samples fol-
lowing the method of Dick et al. (1996), which involved
short-term incubation at controlled temperature and pH,
followed by spectrophotometric analysis. The FDA assay
was carried out on field moist samples utilizing a short-
term incubation and subsequent spectrophotometric anal-
ysis (Green et al. 2006).
For C substrate utilization analysis, Biolog EcoPlates
were inoculated with soil microbes following the method
of Sinsabaugh et al. (1999). Spectrophotometric measure-
ments were taken at 590 nm every 24 h on a microtiter
plate reader over 5 days. Absorbance values are averaged
from all substrate-containing cells (after being corrected
with the blank cell values) to determine the average well
color development (AWCD) for each plate. Data presented
here are all from day 4 (96 h) to allow for maximum well
response variance without exceeding the linear absorbance
range (Garland 1996).
For PLFA analysis, extracted lipids from freeze-dried
soil were re-suspended in a hexane and MTBE solution and
analyzed on a gas chromatograph with a flame ionization
detector (GC/FID; Hill et al. 2000). Microbial biomass-C
was determined as the sum of the phospholipid fatty acids
extracted from all microbes within a sample.
Soil chemical and physical analyses
• pH using a 2:1 de-ionized water:soil ratio; (Thomas
1996)
• Electrical conductivity on a saturated paste extract
(Rhoades 1996)
• Organic and inorganic C using a LECO RC-412 C
species analyzer (LECO Corp., St Joesph, MI, USA)
• Total N and S using a LECO TruSpec C/N/S analyzer
(LECO Corp., St Joesph, MI, USA)
• Inorganic N was determined by 2 M KCl extraction and
flow injection analysis (Robertson et al. 1999)
• Water-soluble P was determined via ICP-AES on a
saturated paste extract
• Total metals were determined using a 4 acid dissolution
and subsequent ICP-MS analysis (Briggs and Meier
2002)
• Diethylenetriaminepentaacetic acid (DTPA) extractable
metals were determined following Amacher (1996),
and represent an estimate of the bioavailable soil metal
pool
• Particle size distribution using the hydrometer method
(Elliott et al. 1999)
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• Bulk density from soil cores (Elliott et al. 1999)
• Gravimetric moisture analysis by oven-drying soils for
72 h at 110 C
Statistical analyses (measuring soil quality)
For each parameter, one-way analysis of variance and
Tukey’s HSD comparisons were used to determine the
minimum significant difference between the unmineral-
ized, mineralized, waste rock and tailings within a given
site, at a significance level (a) of 0.05. Data were analyzed
for normality and transformed as necessary for statistical
analysis. While all data presented here are untransformed,
the cited statistical differences are based upon the trans-
formed data. Multiple linear regressions were used to
develop models to predict TOC and TN. All possible
regressions using all indicators were considered, with the
best model chosen based on the following criteria: (1) a
small number of parameters with a multiple correlation
coefficient as close to unity as possible; (2) an acceptable
p value for the correlation coefficient; (3) a Mallows’ Cp
statistic (Mallows 1973) close to the total number of
parameters; (4) a variance inflation factor (VIF) \10
(Marquard 1970). A Mallows’ Cp statistic with a value
close to the parameter number indicates a small total mean
squared error and smaller model bias, while lower VIF
values indicate lower parameter multicolinearity. In addi-
tion, models were validated by ensuring the predicted error
sum of squares (PRESS) statistic was relatively close but
greater than the sum of squared errors (SSE). All statistical
analyses were performed using JMP software v 8.0.1 (SAS
Institute, Cary, NC, USA).
Soil quality index development
The approach for determining soil quality follows that of
Trasar-Cepeda et al. (1998), who used the relation between
microbial activity and key components of soil organic
matter, TOC and TN, as indicators of soil quality. They
used multiple linear regression (MLR) to model the bio-
chemical variables that best correlated with TN, then
compared predicted versus measured TN values. Our
objective in choosing this technique was to develop a
simple yet sensitive indicator of soil quality that allowed
for the comparison of disturbed systems to undisturbed
(reference) systems. The underlying assumption with this
approach is that soil organic matter content (in the form of
TOC or TN) and biological activity are in equilibrium in
undisturbed systems (Trasar-Cepeda et al. 1998; Chaer
et al. 2009). When compared to disturbed or stressed sys-
tems, the ratio of predicted/measured TOC or TN values
will then be either lower or higher than the undisturbed
system. Negative predicted values and thus negative ratio
values can result from negative MLR variable coefficients.
Results and discussion
Acid sulfate mineralization (Castle Peak and Masonic
Mining District)
Within the Castle Peak study area, TOC, TN and all of the
microbial variables were significantly higher for the
unmineralized (andesite) soils compared to the mineralized
(acid sulfate) soils and tailings, while only half of the bio-
chemical variables showed this trend within the Masonic
area (Table 1). The waste rock had similar TOC and TN
values compared to the andesite soils and lower values for
acid phosphatase, mineralized-C, -N, and microbial bio-
mass-C at Castle Peak, and was similar for all biochemical
variables except for acid and alkaline phosphatase at
Masonic (Table 1). Most biochemical variables were sim-
ilar between the acid sulfate soils and tailings except for
FDA and acid phosphatase, which was greater for the acid
sulfate soils at Castle Peak, and FDA and TOC which was
greater for the acid sulfate soils at Masonic (Table 1).
Soil pH values were near neutral for the andesite soils
and waste rock at both study sites, and around 4 for the acid
sulfate soils (Table 2). Soil pH for the tailings was near
neutral at Castle Peak and averaged 5.7 at Masonic. Elec-
trical conductivity, NO3 and NH4 showed the highest val-
ues within the acid sulfate soils at both sites. Water
soluble-P was lowest in the acid sulfate soils and tailings.
The only difference in DTPA-K occurred at Castle Peak,
where the tailings were significantly lower. Total and
DTPA-S levels were lowest in the andesite soils, and
though total-S was similar between the acid sulfate soils
and disturbed sites, the former had higher DTPA-extract-
able values.
Within both study areas, DTPA-Al was greater in the
acid sulfate soils compared to all other soils, despite similar
total-Al concentrations (Table 3). DTPA-Zn was similar
across all soils at both study areas, despite significant dif-
ferences in total-Zn levels. At Castle Peak, both waste rock
and tailings had lower DTPA-Mn concentrations compared
to the undisturbed soils, and tailings had greater, though
highly variable DTPA-Na compared to the other soils.
DTPA-Mn and -Na were higher for the andesite and acid
sulfate soils compared to the waste rock and tailings at
Masonic.
To summarize, acid sulfate mineralization is character-
ized by low pH and high concentrations of Al and SO4,
reflected by the lower pH and higher concentrations of
DTPA-Al, DTPA-SO4 in the acid sulfate soils. The acid
sulfate soils had lower water soluble-P compared to the
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andesite soils, an observation also noted by Schlesinger
et al. (1989) and DeLucia et al. (1989) in their studies of
acid sulfate systems in western Nevada. Low pH, high
metal content, and physical disturbance presumably com-
bine to inhibit microbial activity in the tailings. Microbial
activity in the waste rock generally equaled or exceeded
that of the acid sulfate soils, suggesting that the inherent
low fertility of the acid sulfate soils inhibits microbial
activity to a greater extent than the disturbances associated
with the waste rock.

















Unmineralized 6.6 b (0.18) 0.17 b (0.02) 1.29 a (0.65) 1.28 ab (0.43) 0.31 b (0.05) 64.9 a (21.3) 0.24 c (0.10) 11.2 b (1.8)
Mineralized 4.2 c (0.10) 1.21 a (0.41) 3.30 a (1.0) 4.03 a (1.1) 0.04 c (0.01) 37.6 a (9.2) 1.40 b (0.51) 1,247 a (504)
Waste Rock 7.7 a (0.28) 0.28 ab (0.05) 1.94 a (0.68) 0.90 ab (0.38) 0.66 a (0.04) 55.7 a (15.8) 3.6 ba (1.6) 16.7 ab (16.7)
Tailings 7.0 ab (0.54) 0.26 ab (0.21) 1.75 a (0.76) 0.14 b (0.13) 0.08 c (0.07) 5.8 b (3.2) 5.4 a (0.8) 33.2 ab (33.2)
Masonic
Unmineralized 6.4 a (0.08) 0.07 b (0.008) 1.92 a (0.27) 0.03 b (0.02) 0.53 a (0.12) 34.1 a (4.1) 0.47 a (0.14) 0.74 b (0.10)
Mineralized 3.7 b (0.10) 0.92 a (0.50) 2.96 a (0.94) 6.54 a (2.7) 0.02 b (0.02) 87.0 a (32.8) 0.95 a (0.18) 449 a (254)
Waste Rock 7.0 a (1.2) 0.10 ab (0.04) 2.38 a (0.18) 0.52 ab (0.37) 0.49 a (0.14) 51.8 a (6.9) 0.71 a (0.46) 0.50 b (0.01)
Tailings 5.7 ab (2.0) 0.17 ab (0.05) 1.45 a (0.37) 1.78 ab (0.82) 0.06 b (0.06) 34.1 a (4.1) 0.93 a (0.18) 29.2 ab (28.7)
Battle Mountain
Unmineralized 7.4 a (0.19) 0.33 a (0.06) 2.51 a (0.42) 0.35 b (0.13) 1.51 a (0.49) 239 a (59) 0.09 b (0.03) 16.1 b (7.3)
Mineralized 7.5 a (0.10) 0.24 a (0.02) 1.55 a (0.11) 0.37 b (0.19) 0.79 a (0.11) 88.0 ab (13.7) 0.04 b (0.01) 5.8 b (2.1)
Waste Rock 5.8 b (1.5) 0.49 a (0.24) 2.57 a (0.92) 1.86 ab (1.86) 0.34 a (0.34) 22.2 ab (22.2) 1.4 ab (1.3) 238 b (216)
Tailings 2.7 c (0.18) 0.33 a (0.33) 1.28 a (0.86) 4.49 a (1.94) 0.74 a (0.44) 0.37 b (0.13) 2.7 a (1.0) 4,492 a (1,888)
Data are averaged within each design level. Data in parentheses are listed as ± one standard error of the mean. For each variable within a study
site numbers marked with different letters are significantly different from each other (p \ 0.05)














Unmineralized 8.1 a (0.23) 0.03 b (0.007) 12.8 a (4.5) 17.8 b (2.3) 82.7 a (2.5) 0.29 a (0.06)
Mineralized 8.5 a (0.41) 75.0 a (22.4) 8.0 ab (4.8) 16.3 b (6.5) 52.7 b (4.7) 0.70 a (0.31)
Waste Rock 8.4 a (0.89) 0.02 b (0.006) 1.9 b (0.80) 10.8 b (7.3) 45.0 b (10.4) 0.37 a (0.12)
Tailings 8.1 a (0.23) 0.03 b (0.005) 0.36 b (0.17) 160.1 a (148.4) 13.5 c (0.5) 0.24 a (0.06)
Masonic
Unmineralized 7.5 a (0.35) 0.04 b (0.01) 13.5 a (2.1) 23.5 a (6.2) 65.6 a (3.8) 0.53 a (0.04)
Mineralized 8.6 a (0.44) 109 a (29) 9.5 a (4.0) 31.7 a (23.4) 25.8 b (6.0) 0.82 a (0.20)
Waste Rock 8.0 a (0.73) 0.10 b (0.09) 2.9 a (1.4) 3.8 a (1.4) 67.7 a (12.7) 0.59 a (0.25)
Tailings 8.4 a (0.45) 48.6 ab (36) 3.0 a (1.2) 5.4 a (4.4) 47.0 ab (10.4) 1.0 a (0.21)
Battle Mountain
Unmineralized 7.2 a (0.07) 0.05 b (0.02) 5.1 b (0.63) 40.2 a (11.8) 68.7 b (1.8) 0.60 b (0.12)
Mineralized 7.2 a (0.08) 0.03 b (0.003) 6.3 b (0.67) 26.9 ab (3.6) 247 ab (48.9) 1.3 b (0.23)
Waste Rock 7.2 a (0.49) 0.25 b (0.20) 9.0 ab (5.1) 27.2 ab (13.1) 923 a (806) 75.7 ab (72.4)
Tailings 6.3 a (1.0) 41.4 a (23.6) 31.4 a (24.4) 0.18 b (0.08) 573 ab (509) 183 a (154)
Data are averaged within each design level. Data in parentheses are listed as ± one standard error of the mean. For each variable within a study
site, numbers marked with different letters are significantly different from each other (p \ 0.05)
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Cu/Mo porphyry mineralization (Battle Mountain
Mining District)
Only alkaline phosphatase and mineralized-C differed
between the undisturbed mineralized and unmineralized
soils (Table 1). Waste rock TOC and TN values were
similar to those of the undisturbed sites and approximately
an order of magnitude greater than the tailings. Microbial
values for the undisturbed sites exceeded those of the
tailings for all measures except AWCD and those for the
waste rock except for FDA, acid and alkaline phosphatase
and mineralized-C. Microbial values for the waste rock
were greater than the tailings for all enzyme analyses, but
similar for the other measures.
Soil pH ranged from near neutral for the undisturbed
soils to strongly acidic in the tailings (Table 2). Macro-
nutrient levels were similar between the unmineralized and
mineralized soils. Relative to the undisturbed soils, the
tailings had greater NH4 and DTPA-SO4, lower DTPA-K,
and similar NO3 and P concentrations. Waste rock values
were generally in between those of the tailings and
undisturbed soils.
Micronutrients and metals were similar between the
unmineralized and mineralized soils, except that the latter
had greater total Cu (Table 3). Relative to the undisturbed
soils, the tailings typically had greater micronutrient and
metal values, except for DTPA-Na, which was lower.
Waste rock values were typically in between those of the
undisturbed soils and tailings.
To summarize, compared to the undisturbed soils, the
tailings were characterized by low microbial activity,
low TOC and TN, low pH, high values of total and
DTPA-S, high NH4, and high DTPA-Al, -Fe, -Mn, and
-Zn, (Tables 1, 2, 3), along with high bulk density,
and high levels of As and Pb (Blecker et al. 2010).
Because concentrations of inorganic N and water solu-
ble-P were similar to the undisturbed sites (Table 2), it
may be that the low pH and high metal contentrations
likely contributed to the low microbial activity. The
negative mineralized-N values for the tailings indicate
that net N immobilization occurred over the course of
the incubation.
Data for the waste rock were highly variable, as indi-
cated by the large standard errors in Tables 1, 2 and 3.
Generally, the levels of microbial activity, pH, S (Total and
DTPA-extractable), and metals were between those of the
undisturbed soils and tailings. The exception was DTPA-
Zn, which was higher in the waste rock than the tailings.
Compared to the undisturbed soils, lower levels of nutrients
such as P and K, along with higher concentrations of
Zn, may be driving the lower microbial activity in the
waste rock.
Soil quality index
At each of the three study sites, we present MLR models
for both TOC and TN to examine potential differences in
the models. Two different groups of explanatory variables
were considered: microbial indicators (biotic) alone (those
indicators listed in Table 1) and microbial and abiotic
indicators (all) together (those indicators in Tables 1, 2, 3).
We used this approach to compare our results with previ-
ous studies, which typically utilize microbial indictors
alone. At the same time, we wanted to explore the potential
benefits of using a greater set of explanatory variables. In
addition to these site level MLR models, we attempted to
scale up this approach across an ecoregion (pooling
undisturbed site data, both unmineralized and mineralized,
from all study sites, which are located in the Mono and
Lahontan basin sections of the intermountain semi-desert
and desert province; Bailey et al. 1994).
Acid sulfate mineralization (Castle Peak Mining
District)
Correlations, explanatory variables and model parameters
for the Castle Peak MLR models are presented in Table 4.
The MLR models were run with two different datasets,
andesite soils and andesite ? acid sulfate soils. These
datasets were chosen to examine model variability between
the andesite and acid sulfate soils and because the disturbed
areas were located in andesite terrane. From the eight
microbial indicators (Table 1), two indicators (mineralized-
N and acid phosphatase) were used in the TOC models, and
five indicators (mineralized-N, acid phosphatase, arylsul-
fatase, FDA and microbial biomass-C) were used in the TN
models. For the abiotic indicators, DTPA-Zn, DTPA-Mn,
and water soluble-P were significantly correlated with the
TOC models, while total-S and DTPA-P were significantly
correlated in the TN models, showing the potential impor-
tance of both macro- and micronutrients in this system.
Results for selected models from Table 4 are presented
in Figs. 1 and 2. Applying models derived from the
andesite soils to the acid sulfate soils produced SQI values
significantly away from unity, which is not surprising given
the differences in these ecosystems (Tables 1, 2, 3). In
most cases the tailings were statistically different (both
positively and negatively) from their undisturbed counter-
parts. In only one instance, in the TOC biotic model (model
2:U (biotic), Table 4), waste rock pile showed a signifi-
cantly different SQI value compared to the andesite soil.
Thus, considering Figs. 1 and 2, and the model parameters
from Table 4 (model 2:U (biotic), Table 4), that model
provides the most reasonable assessment of this system
relative to mining disturbance.
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Acid sulfate mineralization (Masonic Mining District)
Correlations, explanatory variables and model parameters
for the Masonic MLR models are presented in Table 5. The
MLR models were run with two different datasets, andesite
soils and andesite soil ? acid sulfate soils. The andesite-
based models produced the highest correlations for TOC,
while all the models produced relatively high correlations
for the TN models (r2 [ 0.90). The TOC and TN models
Table 4 Best set of explanatory variables for TOC and TN as modeled by MLR for two different datasets within the Castle Peak (acid sulfate)





Data set Explanatory variablesb r2 Cpc VIFd n
TOC 1:U (all) Andesite DTPA-Zn**; Mineralized-N 0.793 -1.8 8.1 9
2:U (biotic) Andesite Mineralized-N***; Acid-P** 0.983 3.2 1.1 9
3:U ? M (all) Andesite ? acid sulfate DTPA-Mn****; Water soluble-P**** 0.853 1.7 1.2 17
4:U ? M (biotic) Andesite ? acid sulfate Mineralized-N**** 0.736 2.9 1.0 17
TN 5:U (all) Andesite Total-S****; DTPA-P** 0.925 3.4 1.5 9
6:U (biotic) Andesite FDA*; Arylsulfatase; Mineralized-N 0.877 3.7 9.2 9
7:U ? M (all) Andesite ? acid sulfate DTPA-S**; Water soluble-P**;
FDA****
0.929 0.8 3.8 17
8:U ? M (biotic) Andesite ? acid sulfate FDA**; Acid-P**; Microbial biomass-
C**; Arylsulfatase*
0.974 3.7 6.0 17
M mineralized (acid sulfate), U unmineralized (andesite), all abiotic ? microbial parameters, biotic microbial parameters, n total number of
samples used in each model
a Model numbers correspond to the numbered regression equations listed below
b Values are significant at * p \ 0.10, ** p \ 0.05, *** p \ 0.01; **** p \ 0.001
c Mallows’ Cp statistic

































































Fig. 1 Castle Peak (acid sulfate) SQI values [ratio of predicted TOC
(TOCp) to measured TOC (TOCm)]. The x axis models correspond to
selected TOC models in Tables 5 and 8 (ecoregion), where U unmin-
eralized (andesite), M mineralized (acid sulfate), all abiotic ? micro-
bial, biotic microbial. Different letters represent significant
differences between sampling levels (p \ 0.05). Negative values
indicate that the explanatory variables were present in concentrations








































































Fig. 2 Castle Peak (acid sulfate) SQI values [ratio of predicted TN
(TNp) to measured TN (TNm)]. The x axis models correspond to
selected TN models in Tables 5 and 8 (ecoregion), where U unmin-
eralized (andesite), M mineralized (acid sulfate), all abiotic ? micro-
bial, biotic microbial. Values for those results extending beyond the
y axis are listed on the graph. Different letters represent significant
differences between sampling levels (p \ 0.05)
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had three microbial indicators in common (acid and alka-
line phosphatase activity, and mineralized-C). Microbial
biomass-C was significant in all of the TOC models, and
none of the TN models. Only NO3 was a significant abiotic
explanatory variable in any TOC model, while DTPA-Na
and water soluble-P were significant explanatory variables
in the TN models.
Results for selected models from Table 5 are presented
in Figs. 3 and 4. Model results for both TOC and TN
showed a somewhat similar pattern to those seen at Castle
Peak, with andesite-only models providing the best sepa-
ration between undisturbed and disturbed sites in terms of
SQI values. SQI values between the andesite and acid
sulfate soils (Figs. 3 and 4) showed a greater degree of
similarity at Masonic compared to Castle Peak (Figs. 1 and
2), which may be due to the greater similarity in microbial
and abiotic values from Table 1, 2 and 3 at the Masonic
site. For TOC, only the andesite-based models, U (‘all’)
and U (‘biotic’), showed significant differences between
both the waste rock and tailings compared to the undis-
turbed soil. For TN, the U (‘biotic’) and U ? M (‘biotic’)
models showed significant differences between the waste
rock and undisturbed sites. As with the Castle Peak site, the
‘biotic’ models perform better than the ‘all’ models in
terms of SQI values and model parameters. One explana-
tion could involve the greater differences in microbial
(Table 1) compared to abiotic (Tables 2, 3) between the
andesite and acid sulfate soils or that key abiotic parame-
ters such as pH, which likely impact soil organic matter
content in these systems (Schlesinger et al. 1989), were not
selected using this MRL approach.
Comparing the model variables between the Castle Peak
and Masonic acid sulfate sites, the TOC models have
completely different sets of explanatory variables between
the two study sites. However, the TN models share similar
abiotic (water soluble-P) and microbial variables (miner-
alized-N, FDA, arylsulfatase, and acid phosphatase). Thus,
similarities between TN and microbial parameters indicate
the potential utility of using these models at a larger scale
(i.e. across these two sites).
Cu/Mo porphyry mineralization (Battle Mountain
Mining District)
Correlations, explanatory variables and model parameters
for the Battle Mountain Cu/Mo porphyry mineralization
MLR models are presented in Table 6. The MLR models
were run with three different datasets, unmineralized soils,
mineralized (Cu/Mo porphyry) soils, and the combined
data from both sets of undisturbed sites. For both TOC and
TN models, the unmineralized and Cu/Mo porphyry data
sets taken separately produced higher correlations than
combining them, despite similarities in the microbial and
abiotic indicators (Tables 1, 2, 3). Model correlations were
similar comparing the ‘all’ models (1v2, 3v4, 7v8 and
9v10: Table 6) versus ‘biotic’ models within a given data
set (r2 [ 0.876), except for the lower r2 (0.768) in the case
of model 8. For the TOC models, seven of the eight
microbial indicators were significant explanatory variables
in at least one model with the exception of AWCD. For the
TN models, six of the eight microbial indicators were
significant explanatory variables in at least one model with
the exception of FDA and mineralized-C. Electrical con-
ductivity and NO3 were significant abiotic explanatory
variables for TOC and TN models. Electrical conductivity
values were generally low (i.e. \ 0.5 dS/m; Table 2), and
Table 5 Best set of explanatory variables for TOC and TN as modeled by MLR for two different datasets within the Masonic (acid sulfate)





Data set Explanatory Variablesb r2 Cpc VIFd n
TOC 1:U (all) Andesite Microbial biomass-C***; Alkaline-P*** 0.882 -1.0 1.0 9
2:U (biotic) Andesite Acid-P***; Mineralized-C***; Microbial biomass-C*** 0.946 60 7.2 9
3:U ? M (all) Andesite ? acid sulfate NO3*; Microbial biomass-C*** 0.629 3.9 1.1 17
4:U ? M (biotic) Andesite ? acid sulfate Microbial biomass-C ****; Alkaline-P** 0.721 -1.9 1.0 17
TN 5:U (all) Andesite DTPA-Na*; Arylsulfatase*** 0.908 0.7 1.2 9
6:U (biotic) Andesite Alkaline-P***; FDA**; Mineralized-N* 0.941 5.3 1.3 9
7:U ? M (all) Andesite ? acid sulfate Water soluble-P; FDA**, Arylsulfatase**; Acid-P 0.903 2.0 7.5 17
8:U ? M (biotic) Andesite ? acid sulfate FDA****, Alkaline-P***; Mineralized-C** 0.935 6.9 5.2 17
M mineralized (acid sulfate), U unmineralized (andesite), all abiotic ? microbial parameters, biotic microbial parameters, n total number of samples used
in each model
a Model numbers correspond to the numbered regression equations listed below
b Values are significant at * p \ 0.10, ** p \ 0.05, *** p \ 0.01; **** p \ 0.001
c Mallows’ Cp statistic
d Variance inflation factor
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positively correlated with TOC and TN. Thus it is possible
that higher EC levels relate to greater nutrient content in
the form of higher soluble salt concentrations. In addition,
P and SO4 were significant for TOC models and NH4, Mn
and Zn for TN models, suggesting the potential importance
of these nutrients in this sagebrush ecosystem. Micronu-
trients, in particular, have received limited study in sage-
brush ecosystems but have been found to play an important
role (Aanderud et al. 2008).
Results for selected models from Table 6 are presented
in Figs. 5 and 6. Model results for both TOC and TN were
quite varied. In all TOC and TN models, the SQI values
were statistically similar and near unity for both undis-
turbed soils, the unmineralized and Cu/Mo porphyry soils.
The TOC ‘biotic’ models, regardless of the dataset, pro-
duced a similar trend of significantly lower SQI values for
the waste rock and tailings compared to their undisturbed
counterparts. The ‘all’ models produced mixed results,
tending toward greater SQI values for the waste rock and
tailings relative to the undisturbed sites for both TOC and
TN models. For the TN models, 8:U (‘biotic’) was the only
model to produce SQI values that were significantly dif-
ferent between the waste rock and tailings and undisturbed
soils. Overall, the TOC-based models were more consistent
in differentiating undisturbed from waste rock and tailings
based on SQI values. The best models based on Figs. 5 and
6 and the parameters listed in Table 6 are 2:U (‘biotic’) and
3:M (‘all) for TOC and 8:U (‘biotic’) for TN.
SQI development within an ecoregion
To examine the utility of scaling up this approach across a
larger area (e.g. ecoregion), we combined datasets among
all three sites (Table 7). For TOC models, FDA and
microbial biomass are common explanatory variables for
both this ecoregion approach and each of the individual
sites. For TN models, FDA and arylsulfatase are significant
explanatory variables for the ecoregion model and many of
the acid sulfate system models, but only a couple of the
Battle Mountain models. In most instances, r2 values are
lower for the ecoregion models compared with the indi-
vidual site models. The ecoregion TOC and TN models
introduce two new abiotic explanatory variables (DTPA-Al,
DTPA-K), while DTPA-Na and water soluble-P appeared in
previous models.
Results of the ecoregion TOC microbial models are
varied across the study sites (Figs. 1, 3, and 5). Five of the
six TOC models (all except ecoregion model 1, Fig. 3)
differentiated the tailings from the undisturbed soils, but
only the models at the Cu/Mo porphyry site differentiated
both the waste rock and tailings from the undisturbed soil
based on the SQI values. Results of the ecoregion TN
models are shown in Figs. 2, 4, and 6. Three of the six TN
models (ecoregion model 3, Fig. 2; ecoregion models 3 and
4, Fig. 6) differentiated the tailings from the undisturbed
soils; one of the six TN models (ecoregion model 4, Fig. 4)







































































Fig. 3 Masonic (acid sulfate) SQI values [ratio of predicted TOC
(TOCp) to measured TOC (TOCm)]. The x axis models correspond to
selected TOC models in Tables 6 and 8 (ecoregion), where U unmin-
eralized (andesite), M mineralized (acid sulfate), all abiotic ? micro-
bial, biotic microbial. Different letters represent significant




























































Fig. 4 Masonic (acid sulfate) SQI values [ratio of predicted TN
(TNp) to measured TN (TNm)]. The x axis models correspond to
selected TN models in Tables 6 and 8 (ecoregion), where U unmin-
eralized (andesite), M mineralized (acid sulfate), all abiotic ? micro-
bial, biotic microbial. Different letters represent significant
differences between sampling levels (p \ 0.05)
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Table 6 Best set of explanatory variables for TOC and TN as modeled by MLR for three different datasets within the Battle Mountain (Cu/Mo





Data set Explanatory variablesb r2 Cpc VIFd n
TOC 1:U (all) Unmineralized EC***; DTPA-P**; DTPA-SO4* 0.910 1.4 3.2 9
2:U (biotic) Unmineralized Alkaline-P***; Mineralized-C**;
Microbial biomass-C*
0.927 1.0 1.3 9
3:M (all) Cu/Mo porphyry NO3***; DTPA-P*** 0.907 0.4 1.1 9
4:M (biotic) Cu/Mo porphyry Acid-P***; Mineralized-N*** 0.876 -4.2 1.2 9
5:U ? M (all) Unmineralized ? Cu/Mo porphyry NO3****; FDA*; DTPA-P** 0.818 1.0 1.4 18
6:U ? M (biotic) Unmineralized ? Cu/Mo porphyry Arylsulfatase***; Acid-P**; Mineralized-
N**
0.602 1.9 1.3 18
TN 7:U (all) Unmineralized EC****; Mineralized-N** 0.900 4.4 1.1 9
8:U (biotic) Unmineralized Alkaline-P**; Microbial biomass-C*;
Arylsulfatase*;
0.768 5.7 1.1 9
9:M (all) Cu/Mo porphyry DTPA-Mn****; Arylsulfatase*; NH4*** 0.982 6.6 2.6 9
10:M (biotic) Cu/Mo porphyry Acid-P****; Mineralized-N** 0.914 6.3 1.2 9
11:U ? M (all) Unmineralized ? Cu/Mo porphyry NO3***; Total-Zn**; Mineralized-N* 0.737 1.1 1.3 18
12:U ? M (biotic) Unmineralized ? Cu/Mo porphyry Mineralized-N***; AWCD** 0.398 1.2 1.3 18
M mineralized (Cu/Mo porphyry), U unmineralized, all abiotic ? microbial parameters, biotic microbial parameters, n total number of samples
used in each model
a Model numbers correspond to the numbered regression equations listed below
b Values are significant at * p \ 0.10, ** p \ 0.05, *** p \ 0.01; **** p \ 0.001
c Mallows’ Cp statistic



























































































Fig. 5 Battle Mountain (Cu/Mo porphyry) SQI values [ratio of
predicted TOC (TOCp) to measured TOC (TOCm)].The x axis
models correspond to selected TOC models in Tables 4 and 8
(ecoregion), where U unmineralized, M mineralized (Cu/Mo por-
phyry), all abiotic ? microbial, biotic microbial. Values for those
results extending beyond the y axis are listed on the graph. Different
letters represent significant differences between sampling levels
(p \ 0.05). Negative values indicate that the explanatory variables
were present in concentrations below the range of the calibration















































































Fig. 6 Battle Mountain (Cu/Mo porphyry) SQI values (ratio of
predicted TN (TNp) to measured TN (TNm)]. The x axis models
correspond to selected TN models in Tables 4 and 8 (ecoregion),
where U unmineralized, M mineralized (Cu/Mo porphyry), all
abiotic ? microbial, biotic microbial. Values for those results
extending beyond the y axis are listed on the graph. Different letters
represent significant differences between sampling levels (p \ 0.05).
Negative values indicate that the explanatory variables were present
in concentrations below the range of the calibration dataset, resulting
in a negative, predicted TN value
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model 4, Fig. 6) again from the Cu/Mo porphyry site dif-
ferentiated both waste rock and tailings from the undis-
turbed sites based on SQI values. As with the individual
sites, the ‘biotic’ models tend to perform better than the
‘all’ models in terms of differentiating between disturbed
and undisturbed sites. The overall decreased performance
for the ecoregion models demonstrates the difficulty in
scaling up this approach across disparate ecosystems and
mineralization types. This may be due in part to the
increasing variance associated with the independent vari-
ables hampering the ability of the MLR model to distin-
guish the explanatory variables.
Comparison with previous MLR index approaches
A comparison of studies using this type of SQI approach in
non-agricultural ecosystems revealed that predictive
equations relied on two to five variables to explain vari-
ability in TOC or TN. As soil TOC and TN are generally
highly correlated with each other, it is not surprising that
either of the two tends to produce a workable model, and
that the same explanatory variables were often used for
both TOC and TN models (e.g. Zornoza et al. 2007; current
study). Enzyme assays were common model parameters
found in the current study (where 71 % of all models
contained one or more enzyme assay) as well as previous
studies. For example, Trasar-Cepeda et al. (1998) devel-
oped an SQI for a Spanish oak-wood ecosystem based upon
the relation between total soil N, microbial biomass-C,
mineralized-N, phosphatase activity, b-glucosidase activ-
ity, and urease activity, and Chaer et al. (2009) developed
an SQI using the relation between soil organic carbon,
microbial biomass-C, and phosphatase activity in a forested
Pacific NW ecosystem. Only one study found correlative
abiotic parameters (water holding capacity and available P;
Zornoza et al. 2007), though in most studies these
parameters were not measured. Models based solely on
microbial variables tended to differentiate between dis-
turbed and undisturbed sites to a greater extent than models
that also include abiotic parameters.
Zornoza et al. (2007) validated their MLR models by
comparing them to degraded soils, an approach utilized in
the current study by comparing undisturbed soils to the
soils disturbed by mining activity. They noted that devia-
tions from the predicted model were likely due to different
equilibrium conditions based on disturbance, which we
believe is driving discrepancies between the models and
disturbed sites of the current study. However, drastically
disturbed areas (i.e. tailings) are typically so different from
the undisturbed reference soils in terms of soil organic
matter dynamics that this method is generally not a viable
monitoring tool.
Conclusions
Though developed and used primarily in forested systems,
study results showed the potential application of this MLR-
based SQI approach in more arid shrubland ecosystems. As
seen in previous studies, enzyme assays often correlate
well with soil TOC and TN; their relative ease of analysis
and low cost adds to their utility. This SQI approach tends
to greatly over or under predict highly disturbed sites (e.g.
tailings); further illustrating the disequilibrium between
soil organic matter and the explanatory variables in these
extremely disturbed areas.
However, this approach presents a means of comparing
less disturbed areas (e.g. waste rock) to undisturbed ref-
erence sites in a variety of ecosystems. Even when the
same explanatory variables exist across study sites, the
ability to differentiate between disturbed and undisturbed
systems tends to decline when combining the data sets
Table 7 Best set of explanatory variables for TOC and TN as modeled by multiple linear regression for the combined data sets of all the




Model numbera and name Data set Explanatory variablesb r2 Cpc VIFd n
TOC 1:U ? M (all) Ecoregion FDA****; DTPA-K**** 0.742 -0.89 1.6 49
2:U ? M (biotic) Ecoregion FDA****; Microbial biomass-C** 0.674 -0.26 1.6 49
TN 3:U ? M (all) Ecoregion Arylsulfatase****; Mineralized-C**; Alkaline-P**; DTPA-Al***,
DTPA-K****, DTPA-Na**; Water-soluble-P***
0.834 7.9 7.0 49
4:U ? M (biotic) Ecoregion FDA****; Arylsulfatase** 0.795 2.4 4.7 49
M mineralized, U unmineralized, A abiotic parameters, B biotic (microbial) parameters, n total number of samples used in each model
a Model numbers correspond to the numbered regression equations listed below
b Values are significant at * p \ 0.10, ** p \ 0.05, *** p \ 0.01; **** p \ 0.001
c Mallows’ Cp statistic
d Variance inflation factor
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across sites. Although identifying common indicators can
be both time saving and allow for more equivalent com-
parisons across sites, combining data from disparate sites
does not seem warranted using this approach given the
decreased ability to differentiate between disturbed and
undisturbed sites.
Combining this approach with more traditional mea-
sures of vegetation community structure and composition
could provide a more complete picture of ecosystem
recovery for disturbed lands. Certain facets of this study
could be incorporated into existing soil monitoring
frameworks such as those associated with rangeland and
forest assessments, although additional temporal and spa-
tial sampling may be necessary to more effectively apply
this type of soil quality index over larger areas.
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Appendix
Tables 8, 9, 10, and 11 contain the multiple linear regres-
sion equations associated with Tables 4, 5, 6, and 7.
Table 8 Multiple linear regression equations associated with Table 4
1: TOC = 0.276 ? 1.18 (DTPA-Zn) ? 0.018 (mineralized-N)
2: TOC = -0.909 ? 0.062 (mineralized-N) ? 3.22 9 10-3 (Acid-P)
3: TOC = 0.036 ? 0.153 log(DTPA-Mn) ? 1.73 (water soluble-P)
4: TOC = -1.08 ? 0.698 log (mineralized-N)
5: TN = 0.071 ? 7.99 9 10-3 log (total S) ? 0.025 (DTPA-P)
6: TN = -0.017 ? 7.04 9 10-4 (FDA) ? 7.10 9 10-3 (arylsulfatase) - 2.35 9 10-3 (mineralized-N)
7: TN = 0.016 - 1.94 9 10-3 log(DTPA-S) ? 0.034 log ? 1(water-soluble-P) ? 7.28 9 10-4 (FDA)
8: TN = 9.21 9 10-3 ? 6.22 9 10-4 (FDA) ? 2.83 9 10-3 (arylsulfatase) - 0.019 log (Acid-P) ? 4.17 9 10-4 (microbial biomass-C)
Table 9 Multiple linear regression equations associated with Table 5
1: TOC = 0.151 ? 0.014 (Microbial biomass-C) ? 3.42 9 10-3 (alkaline-P)
2: TOC = 0.426 ? 3.01 9 10-3 (acid-P) - 5.54 9 10-3 (mineralized-C) ? 0.012 (Microbial biomass-C)
3: TOC = 0.0374 ? 0.124 log ? 1 (NO3) ? 0.022 (Microbial biomass-C)
4: TOC = 0.039 ? 0.024 (Microbial biomass-C) ? 2.51 9 10-3 (alkaline-P)
5: TN = 0.020 - 2.10 9 10-4 (DTPA-Na) ? 5.09 9 10-3 (arylsulfatase)
6: TN = -7.85 9 10-4 ? 2.92 9 10-4 (alkaline-P) ? 6.81 9 10-4 (FDA) ? 2.05 9 10-3 (mineralized-N)
7: TN = -9.73 9 10-4 - 0.016 log ? 1 (water soluble-P) ? 5.63 9 10-4 (FDA) ? 5.64 9 10-3 (arylsulfatase) - 3.95 9 10-5 (acid-P)
8: TN = 0.014 ? 8.85 9 10-4 (FDA) ? 3.90 9 10-4 (alkaline-P) - 1.65 9 10-4 (mineralized-C)
Table 10 Multiple linear regression equations associated with Table 6
1: TOC = 0.632 ? 2.32 log ? 1 (EC) ? 0.349 log ? 1 (DTPA-P) - 0.132 log ? 1 (DTPA-SO4)
2: TOC = -0.540 ? 4.60 9 10-3 (alkaline-P) ? 1.38 9 10-3 (mineralized-C) ? 7.92 9 10-3 (Microbial biomass-C)
3: TOC = -0.158 ? 0.504 (DTPA-P) ? 1.05 log ? 1 (NO3)
4: TOC = -0.319 ? 6.12 9 10-3 (acid-P) ? 0.032 (mineralized-N)
5: TOC = 0.299 ? 0.355 log ? 1 (NO3) ? 6.89 9 10
-3 (FDA) ? 0.118 log (DTPA-P)
6: TOC = -2.56 9 10-3 ? 0.012 (arylsulfatase) ? 2.34 9 10-3 (acid-P) ? 0.019 (mineralized-N)
7: TN = 0.053 ? 0.095 log ? 1 (EC) ? 9.00 9 10-4 (mineralized-N)
8: TN = -9.88 9 10-3 ? 5.48 9 10-4 (alkaline-P) ? 9.69 9 10-4 (Microbial biomass-C) - 8.31 9 10-4 (arylsulfatase)
9: TN = 0.046 - 0.0002.88 9 10-4 (arylsulfatase) ? 0.025 log ? 1 (NH4) ? 5.13 9 10
-3 (DTPA-Mn)
10: TN = 0.013 ? 3.06 9 10-4 (acid-P) ? 1.01 9 10-3 (mineralized-N)
11: TN = 0.072 ? 0.040 log ? 1 (NO3) - 9.02 9 10
-3 log (total-Zn) ? 6.90 9 10-4 (mineralized-N)
12: TN = 0.033 ? 0.057 (AWCD) ? 1.88 9 10-3 (mineralized-N)
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